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Supplementary methods 

 

Image processing 

Image processing and feature extraction were performed with Pyradiomics library 

(version 3.0.1) in a Python environment (version 3.7.10) in compliance with the latest 

image biomarker standardisation initiative (IBSI) documentation [1,2].  

In this study, image processing included following steps: 1) resampling: images 

were resampled to 1.0×1.0×1.0 mm using appropriate interpolation method (B-spline 

interpolation for images and nearest neighbor for masks); 2) grey level normalization 

and discretization: VOIs were normalized and discretized to a fixed bin width of 16. 
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Supplementary figures 

 

Supplementary figure S1. An example of apical basal muscle bundle.  

An example of apical-basal muscle bundle that is hard to distinguish from papillary 

muscle at short-axis cine images in a 59 years old male HCM patient. (a) Long axis 2 

chamber view at end-diastole of this patient, apical-basal muscle bundle was denoted 

with white arrow. (b) short axis view at the end diastole, from top left (basal) to down 

right (apical), the apical-basal muscle bundle was denoted with a white triangle, in the 

short axis view, this muscle bundle is easily confused with papillary muscle. 

 

Supplementary figure S2. Comparison of models using calibration curves. 

Calibtration curves for different models were plotted, (a) showed calibration curves 

for detection task with MYO group; (b) showed calibration curves for differentiation 

task with MYO+PM group.  
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Supplementary Figure S1.  
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Supplementary Figure S2.  
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Supplementary Table S1. Full list of extracted features. 

VOI Filter Type Number Total 

MYO 

Original Shape 14 

1316 

Original: 1 

LOG: 4 

Wavelet: 8 

Gradient: 1 

Total: 14 

Firstorder 18×14 (Total Filters) 

Texture 

NGTDM 5×14 (Total Filters) 

GLCM 24×14 (Total Filters) 

GLDM 14×14 (Total Filters) 

GLRLM 16×14 (Total Filters) 

GLSZM 16×14 (Total Filters) 

PM 

Original Shape 14 

1316 

Original: 1 

LOG: 4 

Wavelet: 8 

Gradient: 1 

Total: 14 

Firstorder 18×14 (Total Filters) 

Texture 

NGTDM 5×14 (Total Filters) 

GLCM 24×14 (Total Filters) 

GLDM 14×14 (Total Filters) 

GLRLM 16×14 (Total Filters) 

GLSZM 16×14 (Total Filters) 

GLCM: gray level co-occurrence matrix; GLDM: gray level dependence matrix; GLRLM : gray level run length matrix; GLSZM: gray level 

size zone matrix; LOG: Laplace of Gaussian; NGTDM: Neighboring gray tone difference matrix. 
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Supplementary Table S2. Full list of features ranked using Boruta method for detection task. 

 MYO (N = 28) 
Importan

ce# 
PM (N = 32) 

Importan

ce# 

1 wavelet-LHL_glcm_Correlation 54.9 original_shape_Maximum2DDiameterRow 1.1 

2 original_shape_Sphericity 11.0 wavelet-HLH_glcm_MCC 0.9 

3 wavelet-HHH_firstorder_Median 9.8 wavelet-HHH_firstorder_Uniformity 0.8 

4 wavelet-LHH_firstorder_Energy 4.4 wavelet-HHH_glcm_SumEntropy 0.4 

5 wavelet-LHH_firstorder_Kurtosis 1.9 wavelet-LHH_glcm_ClusterShade 0.4 

6 log-sigma-2-0-mm-3D_glcm_ClusterShade 1.5 wavelet-LLH_ngtdm_Contrast 0.3 

7 wavelet-LLH_glrlm_RunEntropy 1.3 wavelet-HLL_glcm_Correlation 0.3 

8 wavelet-LHL_glcm_Imc2 0.8 original_shape_Flatness 0.3 

9 wavelet-HLL_glcm_InverseVariance 0.6 wavelet-LHL_glcm_Imc1 0.2 

1

0 
wavelet-HLL_firstorder_Maximum 0.4 wavelet-LHH_ngtdm_Strength 0.2 

1 wavelet-HHL_ngtdm_Contrast 0.3 wavelet-HLH_firstorder_Uniformity 0.1 
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1 

1

2 
log-sigma-2-0-mm-3D_glcm_Correlation 0.3 gradient_firstorder_Minimum 0.1 

1

3 
gradient_glcm_Correlation 0.2 wavelet-LHL_firstorder_Kurtosis 0.1 

1

4 
wavelet-HLL_glcm_Correlation 0.2 

wavelet-HHH_glszm_GrayLevelNonUniformityNo

rmalized 
0.1 

1

5 
wavelet-LLH_ngtdm_Strength 0.2 original_shape_Elongation 0.1 

1

6 
wavelet-LHH_glcm_ClusterShade 0.2 wavelet-HHL_firstorder_Kurtosis 0.1 

1

7 
wavelet-LLH_glcm_Contrast 0.2 wavelet-HHH_glszm_GrayLevelNonUniformity 0.1 

1

8 

log-sigma-2-0-mm-3D_gldm_LargeDependenceHighGray

LevelEmphasis 
0.2 wavelet-HLH_firstorder_Kurtosis 0.1 

1 original_shape_Flatness 0.2 wavelet-HHL_gldm_DependenceNonUniformityN <0.1 



 9

9 ormalized 

2

0 
wavelet-LHH_glszm_GrayLevelNonUniformity <0.1 wavelet-HLH_firstorder_Mean <0.1 

2

1 
wavelet-HHL_glcm_MCC <0.1 wavelet-HHL_ngtdm_Contrast <0.1 

2

2 
wavelet-LLH_firstorder_Mean <0.1 wavelet-LHL_glszm_ZoneEntropy <0.1 

2

3 
wavelet-HHL_glcm_InverseVariance <0.1 wavelet-HHL_glcm_ClusterShade <0.1 

2

4 
wavelet-LHL_glcm_ClusterShade <0.1 

wavelet-LLH_glszm_LargeAreaLowGrayLevelEm

phasis 
<0.1 

2

5 
wavelet-HLH_firstorder_Minimum <0.1 

wavelet-LHL_gldm_SmallDependenceLowGrayLe

velEmphasis 
<0.1 

2

6 
wavelet-HLL_glcm_Imc2 <0.1 

wavelet-LHH_gldm_DependenceNonUniformityN

ormalized 
<0.1 

2 original_firstorder_Maximum <0.1 wavelet-LLH_glcm_Correlation <0.1 
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7 

2

8 
wavelet-HHH_ngtdm_Strength <0.1 

wavelet-HHH_glszm_SizeZoneNonUniformityNor

malized 
<0.1 

2

9 
  wavelet-HHL_glcm_Correlation <0.1 

3

0 
  wavelet-LHL_firstorder_Skewness <0.1 

3

1 
  wavelet-HHH_firstorder_Maximum <0.1 

3

2 
  wavelet-LLH_glcm_Idmn <0.1 

# The maximal shadow feature importance is 0.2.  

GLCM: gray level co-occurrence matrix; GLDM: gray level dependence matrix; GLRLM : gray level run length matrix; GLSZM: gray level 

size zone matrix; LOG: Laplace of Gaussian; NGTDM: Neighboring gray tone difference matrix. 

Other abbreviation for specific features could be found in Pyradiomics documentation. 
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Supplementary Table S3. Full list of features ranked using Boruta method for differentiation task. 

 MYO (N = 8) Importance# PM (N = 12) Importance# 

1 gradient_glcm_Correlation 37.5 original_shape_Maximum2DDiameterSlice 10.4 

2 original_shape_Sphericity 4.9 log-sigma-5-0-mm-3D_firstorder_Kurtosis 3.6 

3 original_shape_Elongation 3.5 original_glszm_ZoneEntropy 3.2 

4 wavelet-LHL_glcm_Imc1 3.0 wavelet-HLL_glcm_Imc2 3.0 

5 log-sigma-5-0-mm-3D_glszm_ZoneEntropy 1.3 log-sigma-2-0-mm-3D_glcm_Correlation 2.9 

6 wavelet-LHH_glcm_MCC 1.2 gradient_glcm_Idmn 2.4 

7 log-sigma-2-0-mm-3D_firstorder_10Percentile 1.0 wavelet-HHL_glcm_Correlation 2.0 

8 wavelet-LHH_glszm_GrayLevelNonUniformityNormalized 0.7 log-sigma-3-0-mm-3D_glcm_Imc1 1.3 

9   wavelet-LLH_glcm_MCC 0.8 

10   wavelet-HLH_glcm_MCC 0.7 

11   gradient_firstorder_Kurtosis 0.7 

12   original_firstorder_Kurtosis 0.5 



 12

# The maximal shadow feature importance is 0.9.  

GLCM: gray level co-occurrence matrix; GLDM: gray level dependence matrix; GLRLM : gray level run length matrix; GLSZM: gray level 

size zone matrix; LOG: Laplace of Gaussian; NGTDM: Neighboring gray tone difference matrix. 

Other abbreviation for specific features could be found in Pyradiomics documentation. 
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